
Dimensional Analysis
of HRV in Hypertrophic
Cardiomyopathy Patients
Can the Correlation Dimension Discriminate Patients with
Low Risk of Sudden Cardiac Death from High-Risk Patients?

Hypertrophic cardiomyopathy (HCM) is
an excessive thickening of the heart

muscle in the absence of an apparent
cause. This condition excludes individu-
als with high blood pressure or prolonged
athletic training. It is characterized by left
and/or right ventricular hypertrophy,
which is usually asymmetric. It is a famil-
ial disease with autosomal dominant in-
heritance caused by mutations in the
sarcomeric contractile protein gene [1].
The electrocardiogram (ECG) of those
patients who have this pathology shows
an abnormal electric signal due to the
thickening of the heart and the loss of the
normal alignment of heart muscle cells.
Some HCM patients can develop
arrhythmias (ventricular tachycardia and
atrial fibrillation), endocarditis, heart
block, and also sudden cardiac death
(SCD). In HCM patients there is an in-
creased risk of premature death, which
can occur with little or no warning. SCD
can strike at any age [2]. However, strati-
fication for sudden cardiac death on pa-
tients with HCM is highly difficult [3].

There have been some attempts to
identify HCM patients at high risk of SCD
using cardiac signals, analyzing the QT
interval in the time domain [4], and the
t ime-frequency representat ion of
heart-rate variability (HRV) [5]. The anal-
ysis of HRV has been relevant in the study
of several cardiovascular phenomena. A
great advantage of HRV analysis is that it
is a noninvasive technique [6]. A repre-
sentative discrete-beat series (RR series)
of HRV is obtained from the ECG, and it
is defined as the time between two consec-
utive R-peaks.

In this article, the HRV signals of 16
HCM patients are analyzed. Eight of them
died or had a history of aborted sudden

cardiac death, forming the high-risk group
(SCDHCM). The other eight patients
form the low-risk group (HCM).
Stationarity analysis is applied in order to
avoid nonstationarities and to reject those
data from further analysis. The surrogate
data method is used to test nonlinear de-
terminism on the RR series. Correlation
dimension is calculated for all of the sig-
nals. An exponential fit to obtain the Dc is
introduced, and a new index, D kc , derived
from the proposed methodology is pre-
sented. This new phenomenological index
will have the ability to stratify HCM pa-
tients with low and high risk of sudden
cardiac death.

Overview
The natural pacemaker of the heart is

the sinuatrial node, which is controlled by
the autonomic nervous system. This sys-
tem has two branches: the sympathetic sys-
tem and the vagal system. The former has
an activation effect, while the latter has an
inhibitory activity. Both constitute a com-
plex regulation system resulting in heart
rhythm regulation. HRV may reflect the
sympathetic-vagal interactions occurring
during the control of cardiovascular func-
tions. In general, low variability in the
heart rhythm is associated with bad prog-
nosis and risk of cardiac dysfunction [7].

Several time-domain measures of
HRV have been applied for clinical and
limited research purposes. These mea-
sures provide only an overall HRV mea-
sure. Spectral analysis of the RR time
series is a better representation of the dif-
ferent physiological sources of the heart
beat generation. However, the traditional
techniques of data analysis in time and
frequency domains are often not suffi-
cient to characterize the complex dynam-
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Correlation Dimension
From a defined data vector

( , , , )y i Ni = 1 K , where N is the number of
samples, the points in an m-dimensional
phase space (embedding dimension) are
constructed, according to the Takens the-
orem [29], obtaining:
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where τ is the time-delay or lag, expressed
as a number of beats.

Grassberger and Procaccia [30]
showed that Dc can be obtained from:
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where C rm( ) is the correlation integral,
which measures the number of points x j
that are correlated with each other in a
sphere of radius r around the points xi.
This algorithm is also known as the sphere
counting method. Thus, in the phase
space, the correlation integralC rm( ) is de-
fined as:
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where Θ( )z is the Heaviside function:

Θ( )z z= ≤0 0if

Θ( )z z= >1 0if

and || ||x xi j− is the distance between a
pair of points in the attractor. In the pres-
ent work, this distance is computed as the
Euclidean norm; i.e.,
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r r
x x x xi j i k j k

k

m

− = −
=
∑ 2

1 (8)

where m is the dimensionality of the
phase space corresponding to the embed-
ding dimension.

When log ( ( ))2 C rm is plotted versus
log ( )2 r , the slope of the resulting straight
line, determined by linear regression at
low r (6), yields the correlation dimension
Dc . Several C rm( ) are computed for in-
creasing values of the embedding dimen-
sions m, and the slopes are determined
from a scaling region of the log-log plot,
obtaining a sequence of d m( ). As m is in-
creased, d m( ) tends to a constant value of
saturation, which is the value of Dc [31].

In practice, it has been shown that it is
sufficient to take randomly only 10% of
the points as reference points( )Nref to cal-
culate the correlation integral [32]:
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For each reference point, the distance
to all other points in the attractor is calcu-
lated except for those points that are cor-
related with the reference point (i.e., the
nearest neighbors in time), avoiding
autocorrelation effects. The number of
neglected points corresponds to three to
five points around the reference point.

This procedure is known as Theiler
correction [33].

Parameters Related with
Dc Calculation

Using the criterion that the amount of
data points (N) must be at least 10 2Dc /

[31], and in accordance with preliminary
results [34], it was determined that about
10,000 beats are needed for the computa-
tion of Dc .

Two criteria were taken into account to
select the lag or time delay (τ). In the first
one, the system was considered as a dis-
crete time system (map) applying then τ =
1 [35]. In the second one, the system was
considered to be a continuous time system
and the τ was selected as the first relative
minimum of the autocovariance function
(ACF) [36] (Figure 1).
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1. Selection of time delay τ using the autocovariance function.

Table 1.  Values of τ for HCM and SCDHCM patients. τ was selected as the
time at the first relative minimum of the autocovariance function (ACF).

HCM τ SCDHCM τ

LR1 2 HR1 2

LR2 2 HR2 13

LR3 3 HR3 3

LR4 3 HR4 25

LR5 2 HR5 39

LR6 4 HR6 24

LR7 25 HR7 2

LR8 1 HR8 2
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The autocovariance function (ACF) is
defined by:

ACF y y y yi i
i
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Table 1 shows the values of τ obtained
for SCDHCM and HCM patients. As can
be seen in this table, the τ values obtained
from ACF vary from 1 to 39. In general,
bigger values are obtained in high-risk pa-
tients (SCDHCM).

In order to obtain an accurate measure
of Dc , the embedding dimension m must
be at least 2 1Dc + [29]. Preliminary re-
sults [34] have suggested to work in an
embedding dimension (m) of 20. All cal-
culations were made using this value.

The correlation integralC rm( ) is calcu-
lated for different values of r (radius of the
sphere) for each embedding dimension 1
to m. From the logarithmic plot of these
values (Fig. 2), the scaling region to ob-
tain the slopes can be determined. This re-

gion is delimited by values in the y-axis. A
linear regression is computed with the
points contained in the scaling region for
each embedding dimension. The resulting
slope is the dimension d m( ).

In this article a new method is pro-
posed. Using the d m( ) values, an expo-
nential model of the type

d m D ec
km( ) ( )= − −1 (11)

is fitted. The values of Dc and k are esti-
mated using the Levenberg-Marquardt
method [37]. The saturation value of the
curve Dc is the estimated value of the cor-
relation dimension of the signal (Figure 3).

This is a new approach to calculate the
correlation dimension. It may be more re-
liable than the averaging procedures nor-
mally used because the slopes of the
correlation integrals, for all the different
embedding dimensions m, are used at the
same time. The exponential curve fit fol-
lows the asymptotic behavior of the calcu-
lated d m( ). Thus, it is no longer necessary
to define arbitrarily where the d m( ) curve
becomes sufficiently constant to yield a
saturation value for Dc . The error calcu-
lated as the mean square root of the differ-
ences between the d m( ) values and the
fitted curve was less than 5%, with respect
to the Dc value. The Levenberg-
Marquardt method was used to fit the ex-
ponential formula (11) to the d m( ) curve.

This methodology was tested with
known mathematical models: the Lorenz
model, which is chaotic; sinusoidal
waves; and noise. In all cases the method-
ology gives expected results.

In this work, a new index is also pro-
posed. This phenomenological index,
named D kc , is the product of the two pa-
rameters that characterize the fitted expo-
nential curve, Dc and k. Geometrically,
this product represents the slope of curve
d m( ) versus m where the embedding di-
mension m tends to zero and, as it will be
seen, it can discriminate between HCM
and SCDHCM patients.

Results
Stationarity Analysis

The surrogate data method requires
stat ionary data. To exclude non-
stationarities from our data we divided the
time series into 20 intervals of 500 sam-
ples each and compared the mean and
variance of these intervals.

Hypothesizing that the observations are
independent observations of a random
variable z, where there is no trend, the ac-
ceptance region [28] for this hypothesis at
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2. Correlation integral as a function of the sphere radius (r) for each embedding di-
mension showing the scaling region.

3. Correlation dimension d as a function of the embedding dimension m with a fit-
ted exponential curve.
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the α = 0.05 level of significance is
[ ]69 120< <A when N s = 20 intervals
and[ ]54 98< <A when N s = 18 intervals.

The tachograms of LR2, LR5, LR7,
LR8, and HR8 presented nonstation-
arities when the mean values of the seg-
ments were tested, as can be seen in
Table 2. A further analysis of LR2, LR5,
and LR7 time series allowed obtaining
stationary data. Considering the first 18
segments of the LR2 tachogram, it could
be considered stationary, with A = 57
calculated from the mean values and A =

72 calculated from the variance values.
The last 18 segments were considered
for tachogram LR5 obtaining A = 56,
when studying the mean values, and A =
59, when studying the variance values.
Tachogram LR7 was selected after the
first nine intervals but considering a new
N s = 20 interval, because the values ob-
tained for A were 94 when mean values
were calculated and 99 when the vari-
ances were considered, both belonging
to the acceptance interval.

The tachograms of patients LR8 and
HR8 were removed from the analyzed
data, since it was not possible to get sta-
tionary data.

Surrogate Data Method
Table 3 shows the results obtained

when the surrogate data method was ap-
plied to the HRV signals of the low-risk
group (HCM). Table 4 shows the results
for the high-risk group (SCDHCM). For
the calculation of QD and µ H the correla-
tion dimension DC with τ = 1 was used.

July/August 2002 IEEE ENGINEERING IN MEDICINE AND BIOLOGY 75

Table 2.  Values of A for HCM and SCDHCM RR series, considering the mean and variance of each
Ns = 20 intervals of 500 samples.

HCM Mean (z) Variance (z) SCDHCM Mean (z) Variance (z)

LR1 106 83 HR1 89 76

LR2 58 77 HR2 113 112

LR3 111 107 HR3 119 81

LR4 89 70 HR4 105 76

LR5 56 82 HR5 79 79

LR6 118 74 HR6 70 89

LR7 51 121 HR7 105 91

LR8 69 47 HR8 36 93

Table 3.  Values of correlation dimension for RR series and surrogate data from
HCM low-risk group with statistical test and significance.

HCM QD µH σH ξ p

LR1 8.3 18.9 1.92 5.52 0.017

LR2 9.6 22.6 1.20 10.80 0.006

LR3 7.9 21.4 0.75 18.0 0.0003

LR4 8.0 22.7 1.75 8.40 0.008

LR5 8.3 19.5 1.58 7.09 0.012

LR6 4.8 22.9 1.87 9.68 0.002

LR7 10.5 21.6 1.08 10.28 0.003

Table 4.  Values of correlation dimension for RR series and surrogate data from SCDHCM
high-risk group with statistical test and significance.

SCDHCM QD µH σH ξ p

HR1 6.0 20.9 2.20 6.77 0.011

HR2 9.5 22.9 2.25 5.60 0.010

HR3 4.8 22.4 1.59 11.07 0.003

HR4 9.6 20.1 1.55 6.77 0.009

HR5 7.2 21.5 1.33 10.75 0.004

HR6 9.5 19.2 0.83 11.69 0.001

HR7 7.7 20.3 0.52 24.23 0.0002
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As can be seen from the results
shown in Tables 3 and 4, all the RR se-
ries of the patients analyzed have signif-
icant differences with respect to the set
of surrogate data generated, and so the
null hypothesis is rejected. The signals
analyzed have a strong evidence of non-
linear determinism.

Correlation Dimension
and D kc Index

Applying the methodology described
in previous sections, Dc and D kc were
calculated for the seven pairs of HCM
patients. Table 5 presents the results us-
ing lag τ = 1, considering the signal as a
map, and Table 6 presents the results
when lag τ is obtained as the first rela-
tive minimum of the autocovariance
function.

Using paired-sample nonparametric
techniques (Wilcoxon test), correlation
dimension (Dc) does not discriminate the
two groups of patients, having a mean
value near 8 for both groups when using a

mean value of about 8.9 when using the
lag obtained from ACF. In contrast, when
the D kc index is applied, the two groups
are well discriminated. Significant differ-
ences were found, with p = 0 02. when us-
ing lag τ = 1 and p = 0 018. when using the
lag obtained from ACF.

Discussion and Conclusions
In this article a correlation dimension

analysis of HRV from HCM patients with
low and high risk of sudden cardiac death
has been carried out. Stationarity, which is
a precondition for the correlation dimen-
sion analysis, was tested, and the tacho-
grams of two patients were rejected. The
data length was a compromise between
the time-series length and the stationarity.
Evidence of nonlinear determinism has
been tested using the surrogate data
method. The results of this test clearly in-
dicate that the null hypothesis, which
states that the data comes from a linear
Gaussian process, cannot be accepted and
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Table 5. Dc values obtained using lag τ = 1. HCM: Seven patients with low risk of sudden cardiac death.
SCDHCM: Seven patients with high risk of sudden cardiac death.

HCM D c D kc SCDHCM D c D kc

LR1 8.3 1.33 HR1 6.0 1.45

LR2 9.6 1.23 HR2 9.5 1.46

LR3 7.9 1.35 HR3 4.8 1.59

LR4 8.0 1.37 HR4 9.6 1.40

LR5 8.3 1.14 HR5 7.2 1.53

LR6 4.8 1.29 HR6 9.5 1.39

LR7 10.5 1.04 HR7 7.7 1.50

Mean ± sd 8.2 ± 1.8 1.25 ± 0.12 Mean ± sd 7.9 ± 1.8 1.47 ± 0.07

Table 6. Dc values, using a lag τ corresponding to the first relative minimum of ACF. HCM: Seven patients with
low risk of sudden cardiac death. SCDHCM: Seven patients with high risk of sudden cardiac death.

sd = standard deviation.

HCM τ D c D kc SCDHCM τ D c D kc

LR1 2 8.2 1.42 HR1 2 7.1 1.45

LR2 2 9.5 1.27 HR2 13 8.3 1.48

LR3 3 8.8 1.46 HR3 3 7.5 1.54

LR4 3 10.4 1.43 HR4 25 9.7 1.51

LR5 2 10.6 1.28 HR5 39 10.2 1.47

LR6 4 5.1 1.43 HR6 24 9.2 1.55

LR7 25 10.8 1.08 HR7 2 10.0 1.46

Mean ± sd 9.0 ± 2.0 1.34 ± 0.14 Mean ± sd 8.9 ± 1.2 1.49 ± 0.04

All the RR series of

the patients analyzed

have significant

differences with

respect to the set of

surrogate data

generated.
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then the nonlinear nature of these HRV
signals can be concluded.

Regarding the methodology used to
compute the correlation dimension, an ex-
ponential fit to obtain this value has been
proposed. This procedure seems to be a
better approach to obtain the value of the
dimension, since it uses all the points of
the d m( ) curve and defines the correlation
dimension as an asymptotic value ob-
tained with increasing embedding.

From the results obtained analyzing
these HCM patients, it can be seen that the
correlation dimension does not separate the
groups of low- and high-risk for sudden car-
diac death. The averaged Dc in both groups
is very similar for the lag τ = 1 and also for
the lag determined using the ACF. How-
ever, a careful inspection of the obtained re-
sults with the proposed methodology
suggests that the product of Dc by k (expo-
nential constant) can discriminate the two
groups. Although the group of patients stud-
ied here is small, clear differences are ob-
tained between the low-risk and high-risk
groups. This phenomenological index,
named here D kc , geometrically represents
the slope of the curve of dimension d m( ),
when m tends to zero. Further analyses are
needed to understand the interpretation of
this phenomenological index.
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cated by an arrow, is outside the detected
cerebral cortical border. Although the
defect should be anatomically included
inside the cortical border, the low inten-
sity of the lesion classifies it as the back-
ground area. Therefore, for the correct
analysis of cerebral cortical blood flow,
the cerebral cortical border has to be
modified. A refinement step is presented
in the following subsection.

The Refinement of the Outer
Border of the Cerebral Cortex
The aim of this step is to refine the

outer cerebral cortical border. We make
use of the head object border (denoted as
BA), the initial outer cerebral cortical bor-
der (denoted as BB), and the distance code
transformation to obtain the correct outer
cerebral border. Anatomically, in a
HMPAO slice, the head border and the
outer cerebral cortical border are analog
in shape to each other. So, the distance
code between the two borders can be re-
garded as close to a fixed value. Based on
this assumption, distance transformation
[15]-[17] is applied in the refinement of
the border BB. Distance transformation
(DT), which is widely used in image pro-
cessing and computer vision, can convert
an image of black and white pixels to an
imagewhere each pixel has a value (i.e.,
distance code) representing the distance
to the nearest border pixel. The refine-
ment approach can be divided into the
following steps:

Step 1: Distance transformation is per-
formed with respect to the head object
border BA. The average distance code, de-
noted as AVDC, of every pixel on border
BB is calculated.

Step 2: Pixels on the border BB with
the distance code greater than 1.5*AVDC
were grouped as the defect seed pixels
[see Figure 5(d)].

Step 3: The seed pixels begin to grow
if the grown pixel is outside the border BB
and its distance code is larger than AVDC.
This region grow step is repeated until no
further pixels can be added to the defect
region [see Figure 5(e)].

Step 4: The pixels inside the border BB

and the grown pixels are grouped together
to form a new region. The boundary of the
new region is the refined outer cerebral
cortical border (denoted as BC).

For the image shown in Figure 5(a), the
border BC is shown in Figure 5(f). It is ob-
served that border BB and border BC are al-
most identical except that the defect
region is inside the border BC. For the nor-

mal case, the border BC is the same as the
border BB because no defect region is in-
cluded. That is, the refinement approach
only refines the border with abnormality,
and it can exclude the effect of disease le-
sion and extract the border successfully.

Extracting the Cerebral
Cortical Region

The aim of this step is to obtain the ce-
rebral cortical region based on the result-
ing cerebral cortical border. First, DT is
performed with respect to the border BC .
Second, the pixels inside the border BC
and with distance codes less than Tk are
grouped to the cerebral cortical region.
The value of Tk (the thickness of the cere-
bral cortex) is determined and given by
the doctor empirically.

For the image shown in Figure 4(a),
Figure 4(f) shows the resulting cerebral
cortical region with an employed Tk value
of 5. The pixel values in the cerebral corti-
cal region are then used to generate the
bullseye display.

Bullseye Display
Bullseye Display Format

The goal of this display method is to in-
tegrate the cerebral cortical region of an en-
tire study into a single functional image
(bullseye plot). Figure 6 shows the sche-
matic representation of the bullseye meth-

odology. In Figure 6(a), the data source
consists of a series of n HMPAO brain
SPECT ( , ,..., )S S Sn0 1 1− images. These
images were selected from the base slice
( )S0 that was positioned at 3.5 cm above
the CM line and extended to the top slice
( )Sn−1 of the head by the doctor. In each
image, the cerebral cortical region was ex-
tracted first. In Figure 6(b), the bullseye
plot consists of n concentric rings
( , ,..., )R R Rn0 1 1− with progressive incre-
ment in diameter. The outer ring is denoted
as R0, and the inner ring is denoted as Rn−1.
Each ring is divided into 40 sectors. The
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ring Ri records the information of the cere-
bral cortical region in Si. The cerebral cor-
tical region in Si is also divided into 40
regions. The information of the jth section
of Si is stored in the corresponding jth sec-
tor of Ri. Figure 7 illustrates the relation-
ship between the cerebral cortical region in
Si and the ring Ri. All sectors on the
bullseye plot are then assigned with speci-
fied colors to illustrate the function distri-
bution of the whole brain.

Color Determination of Each
Sector in the Bullseye Plot

In the bullseye display, each sector
corresponds to a specific brain region and
is assigned with a certain color index. The
color index determines the RGB values in
each sector. In our system, the ratio of the
radioactivities of the each section in the
cerebral cortex to the radioactivities in the
reference region (here the cerebellum re-
gion) is used to determine the color index
of each sector in the bullseye plot. Figure
8 shows that the reference region is manu-
ally defined as a rectangular region. The
average gray level of pixels in the refer-
ence region (denoted as RG) is calculated.
The average gray level of pixels in the jth
region of the cerebral cortical region in
slice Si is also calculated and is denoted as
Gi j, . The color index for the jth sector of
the ring Ri can be obtained by the
following equation:

Index indexi j i jG RG RG, ,[( / ) ]= × ,

where RG index is the color index for the
reference region and is set to 200 in our
study. The RGB values used for each sec-
tor in the bullseye map are determined ac-
cording to its color index. Figure 9(a)
shows the schema to obtain the corre-
sponding RGB values of each color index.
This approach adopts color composition
as a function of R (red), G (green), and B
(blue). In Figure 9(a), the coordinates (R,
G) of points A, B, and C are (230, 25), (50,
205), and (0, 0), respectively. The A→B
path is equally sampled with 128 points,
and the B→C path is also equally sampled
with 128 points. That is, there are 256
points sampled in the A→B→C path. For
each sampled point, the values of R and G
can be computed by using the linear inter-
polation method. For the values of R and
G, the corresponding value of B (blue) is
obtained from the equation R+G+B=255.
In the bullseye plot, the color values
( , , )( ) ( ) ( )R G Bi i i are assigned to the sector
with color index i, where ( , )( ) ( )R Gi i is the
coordinate of the ith sampled point in the
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4. (a) Normal HMPAO brain SPECT and scan lines. (b) Smoothed histogram. (c)
Resulting image after the scanning method with threshold Lt. (d) Morphologically
smoothed head border overlapped with the original image. (e) Outer cerebral corti-
cal border with threshold Ht applied. (f) Cerebral cortical region.
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5. (a) Abnormal HMPAO brain SPECT. (b) Head object border BA. (c) Detected
outer cerebral cortical border BB with defect indicated by an arrow. (d) Seed region
(green points). (e) Detected defect region (green points). (f) Refined outer cerebral
cortical border BC.



cated by an arrow, is outside the detected
cerebral cortical border. Although the
defect should be anatomically included
inside the cortical border, the low inten-
sity of the lesion classifies it as the back-
ground area. Therefore, for the correct
analysis of cerebral cortical blood flow,
the cerebral cortical border has to be
modified. A refinement step is presented
in the following subsection.

The Refinement of the Outer
Border of the Cerebral Cortex
The aim of this step is to refine the

outer cerebral cortical border. We make
use of the head object border (denoted as
BA), the initial outer cerebral cortical bor-
der (denoted as BB), and the distance code
transformation to obtain the correct outer
cerebral border. Anatomically, in a
HMPAO slice, the head border and the
outer cerebral cortical border are analog
in shape to each other. So, the distance
code between the two borders can be re-
garded as close to a fixed value. Based on
this assumption, distance transformation
[15]-[17] is applied in the refinement of
the border BB. Distance transformation
(DT), which is widely used in image pro-
cessing and computer vision, can convert
an image of black and white pixels to an
imagewhere each pixel has a value (i.e.,
distance code) representing the distance
to the nearest border pixel. The refine-
ment approach can be divided into the
following steps:

Step 1: Distance transformation is per-
formed with respect to the head object
border BA. The average distance code, de-
noted as AVDC, of every pixel on border
BB is calculated.

Step 2: Pixels on the border BB with
the distance code greater than 1.5*AVDC
were grouped as the defect seed pixels
[see Figure 5(d)].

Step 3: The seed pixels begin to grow
if the grown pixel is outside the border BB
and its distance code is larger than AVDC.
This region grow step is repeated until no
further pixels can be added to the defect
region [see Figure 5(e)].

Step 4: The pixels inside the border BB

and the grown pixels are grouped together
to form a new region. The boundary of the
new region is the refined outer cerebral
cortical border (denoted as BC).

For the image shown in Figure 5(a), the
border BC is shown in Figure 5(f). It is ob-
served that border BB and border BC are al-
most identical except that the defect
region is inside the border BC. For the nor-

mal case, the border BC is the same as the
border BB because no defect region is in-
cluded. That is, the refinement approach
only refines the border with abnormality,
and it can exclude the effect of disease le-
sion and extract the border successfully.

Extracting the Cerebral
Cortical Region

The aim of this step is to obtain the ce-
rebral cortical region based on the result-
ing cerebral cortical border. First, DT is
performed with respect to the border BC .
Second, the pixels inside the border BC
and with distance codes less than Tk are
grouped to the cerebral cortical region.
The value of Tk (the thickness of the cere-
bral cortex) is determined and given by
the doctor empirically.

For the image shown in Figure 4(a),
Figure 4(f) shows the resulting cerebral
cortical region with an employed Tk value
of 5. The pixel values in the cerebral corti-
cal region are then used to generate the
bullseye display.

Bullseye Display
Bullseye Display Format

The goal of this display method is to in-
tegrate the cerebral cortical region of an en-
tire study into a single functional image
(bullseye plot). Figure 6 shows the sche-
matic representation of the bullseye meth-

odology. In Figure 6(a), the data source
consists of a series of n HMPAO brain
SPECT ( , ,..., )S S Sn0 1 1− images. These
images were selected from the base slice
( )S0 that was positioned at 3.5 cm above
the CM line and extended to the top slice
( )Sn−1 of the head by the doctor. In each
image, the cerebral cortical region was ex-
tracted first. In Figure 6(b), the bullseye
plot consists of n concentric rings
( , ,..., )R R Rn0 1 1− with progressive incre-
ment in diameter. The outer ring is denoted
as R0, and the inner ring is denoted as Rn−1.
Each ring is divided into 40 sectors. The
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ring Ri records the information of the cere-
bral cortical region in Si. The cerebral cor-
tical region in Si is also divided into 40
regions. The information of the jth section
of Si is stored in the corresponding jth sec-
tor of Ri. Figure 7 illustrates the relation-
ship between the cerebral cortical region in
Si and the ring Ri. All sectors on the
bullseye plot are then assigned with speci-
fied colors to illustrate the function distri-
bution of the whole brain.

Color Determination of Each
Sector in the Bullseye Plot

In the bullseye display, each sector
corresponds to a specific brain region and
is assigned with a certain color index. The
color index determines the RGB values in
each sector. In our system, the ratio of the
radioactivities of the each section in the
cerebral cortex to the radioactivities in the
reference region (here the cerebellum re-
gion) is used to determine the color index
of each sector in the bullseye plot. Figure
8 shows that the reference region is manu-
ally defined as a rectangular region. The
average gray level of pixels in the refer-
ence region (denoted as RG) is calculated.
The average gray level of pixels in the jth
region of the cerebral cortical region in
slice Si is also calculated and is denoted as
Gi j, . The color index for the jth sector of
the ring Ri can be obtained by the
following equation:

Index indexi j i jG RG RG, ,[( / ) ]= × ,

where RG index is the color index for the
reference region and is set to 200 in our
study. The RGB values used for each sec-
tor in the bullseye map are determined ac-
cording to its color index. Figure 9(a)
shows the schema to obtain the corre-
sponding RGB values of each color index.
This approach adopts color composition
as a function of R (red), G (green), and B
(blue). In Figure 9(a), the coordinates (R,
G) of points A, B, and C are (230, 25), (50,
205), and (0, 0), respectively. The A→B
path is equally sampled with 128 points,
and the B→C path is also equally sampled
with 128 points. That is, there are 256
points sampled in the A→B→C path. For
each sampled point, the values of R and G
can be computed by using the linear inter-
polation method. For the values of R and
G, the corresponding value of B (blue) is
obtained from the equation R+G+B=255.
In the bullseye plot, the color values
( , , )( ) ( ) ( )R G Bi i i are assigned to the sector
with color index i, where ( , )( ) ( )R Gi i is the
coordinate of the ith sampled point in the
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4. (a) Normal HMPAO brain SPECT and scan lines. (b) Smoothed histogram. (c)
Resulting image after the scanning method with threshold Lt. (d) Morphologically
smoothed head border overlapped with the original image. (e) Outer cerebral corti-
cal border with threshold Ht applied. (f) Cerebral cortical region.
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5. (a) Abnormal HMPAO brain SPECT. (b) Head object border BA. (c) Detected
outer cerebral cortical border BB with defect indicated by an arrow. (d) Seed region
(green points). (e) Detected defect region (green points). (f) Refined outer cerebral
cortical border BC.
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A→B→C path. Figure 9(b) shows the
color palette for each color index. It is ob-
served that red region indicates the higher
color index and blue region indicates the
lower color index

Experimental Studies
We utilized the bullseye display in pa-

tients with various neuropsychologic dis-
orders to evaluate its clinical usefulness.
Figure 10(a) shows a SPECT study ob-
tained in a patient with sudden onset of
palinopsia due to cerebrovascular disease.
Markedly decreased perfusion in the terri-
tory of the occluded cerebral artery was
well demonstrated. We found that the
bullseye display is helpful in identifying
which artery is involved in cerebro-
vascular disease because of its distinct
manifestation of different territory of each
major cerebral artery.

In a boy referred for evaluation of
chronic motor and vocal tics, changes of
cerebral blood flow in the frontal areas are
shown by bullseye [Figure 10(b)]. We
also observed some characteristic bulls-
eye patterns in certain diseases. For exam-
ple, in different types of dementia,
bullseye has different manifestations
[Figure 10(c) and (d)], so it is valuable for
diagnosis of dementia.

The diseased areas can be well demon-
strated on the bullseye display; however,
the 3-D spatial information on a 3-D head
model is not yet available. Although
SPECT images have been prepared in all
the cases of clinical applications, few cor-
responding MR images can be used for
image registration and demonstration. In
other words, we can hardly obtain both
SPECT and MR images from a regular pa-
tient. In 3-D visualization, we propose to
register the SPECT image with respect to
a 3-D MR head model, which is an ordi-

nary 3-D MR image volume. This model
includes two components: the first com-
ponent is the 3-D head surface and the sec-
ond component is the correspondence
relation between each sector in the bulls-
eye plot and 3-D region on the head model
surface. Since the bullseye display is in a
defined format, each sector can corre-
spond approximately to a specific region
of the head model. After the sector reflect-
ing the low radioactivity was selected in
the bullseye plot, the head surface and the
diseased regions can be visualized simul-
taneously in 3-D without additional MR
images and registration process required.

By aligning [18] HMPAO SPECT
with model MRI images, lesions demon-
strated on bullseye can also be shown on
MRI to help localization. Figure 11 dem-
onstrates the geometrical relationship be-
tween the 3-D head model and the defect
depicted on the bullseye display. In Figure
11(b), the sectors reflecting abnormal
function were visualized together with the
3-D head surface simultaneously. The
semi-boundary display method [19] was
applied for visualization. Figure 11(b)-(d)
shows the results in three different views.
These results can provide better 3-D per-
ception of the diseased region for physi-
cians and patients to understand the
geometrical condition of lesions.

Conclusions and Further Research
In this article we have developed a

computer-aided diagnosis system for the
detection and visualization of brain le-
sions in the cerebral cortex. In this system,
a hybrid method, combining gray-level
thresholding and distance code discrimi-
nation, is proposed to obtain the cerebral
cortical region. The pixel values of
HMPAO SPECT in the cerebral cortical
region were then visualized by the bulls-

eye display. The interpretation of the
bullseye display is more efficient and ef-
fective to illustrate the global function dis-
tribution of the brain than that of the
conventional multiframe display. This
adopted display method synthesizes all
the SPECT brain images into a single re-
producible functional image that can be
objectively reviewed and that serves to
point out abnormalities for further review.
We also provide the 3-D visualization by
displaying the selected lesions in refer-
ence to a general head model obtained
from MR images. This capability helps to
visualize the approximated position of the
lesion in 3-D geometry. Many experimen-
tal results have shown that the system is
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desirable for physicians in the diagnoses
of various brain diseases.
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(a) (b)

(c) (d)

11. Geometrical relationship between defect in the 3-D head model and in the bulls-
eye plot of Figure 10(a). (a) Diseased sectors surrounded by the yellow polygon and
reflecting low radioactivity. (b)-(d) 3-D visualization of the defect and head model si-
multaneously from three different views by the semi-boundary display method.


	Index: 
	CCC: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	ccc: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	cce: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	index: 
	INDEX: 
	ind: 
	Intentional blank: This page is intentionally blank


